Deer overabundance is a contributing factor in the degradation of plant communities 3 and ecosystems worldwide. The management and conservation of the deer-affected 4 ecosystems requires us to urgently grasp deer population trends and to identify the 5 factors that affect them. In this study, we developed a Bayesian state-space model to 6 estimate the population dynamics of sika deer (Cervus nippon) in a cool-temperate 7 forest in Japan, where wolves (Canis lupus hodophilax) are extinct. The model was 8 based on field data collected from block count surveys, road count surveys by vehicles, 9 mortality surveys during the winter, and nuisance control for 12 years (2007)(2008)(2009)(2010)(2011)(2012)(2013)(2014)(2015)(2016)(2017)(2018). We 10 clarified the seasonal and annual fluctuation of the deer population. We found two peaks 11 of deer abundance (2007 and 2010) over 12 years. In 2011 the estimated deer 12 abundance decreased drastically and has remained at a low level then. The deer 13 population increased from spring to autumn and decreased from autumn to winter in 14 most years. The seasonal fluctuation we detected could reflect the seasonal migration 15 pattern of deer and the population recruitment through fawn births in early summer. In 16 our model, snowfall accumulation, which can be a lethal factor for deer, may have 17 slightly affected their mortality during the winter. Although we could not detect a direct 18 effect of snow on population dynamics, snowfall decrease due to global warming may decelerate the winter migration of deer; subsequently, deer staying on-site may 2 intensively forage evergreen perennial plants during the winter season. The nuisance 3 control affected population dynamics. Even in wildlife protection areas and national 4 parks where hunting is regulated, nuisance control could be effective in buffering the 5 effect of deer browsing on forest ecosystems. Introduction 2
Road count 4 We selected three route sectors (A: 4.7 km, B: 3.3 km, E: 0.7 km; Fig. 1 of the survey are described in a previous study [19] . 12 We excluded records that lacked information about the number of deer sighted, 13 sector name, year, and date. We also excluded records from January to April because 14 few records were available from these periods due to snow accumulation and driving 1 guaranteed. After this data cleaning, we used 8,616 records for later analysis. The sites were divided into 14 and 19 blocks (5 -7 ha per block depending on the 7 terrain), respectively. Each block was thoroughly surveyed by an observer walking in a 8 zig-zag motion along the terrain in order to guarantee good visibility. When an observer 9 spotted deer, they informed the observers of adjacent blocks using transceivers to avoid 10 duplicate counting. Occasionally, we did not survey some blocks due to sudden 11 snowfall and lack of observers; however, the total surveyed area was 181.27 ha in most 12 years. Because it was a missing value only in 2017 and values did not change so much 13 in the previous (2016) and next year (2018), we used the mean of 2016 and 2018 as the 14 value of 2017 in the model described later.
16
Number of deer carcasses at spring thaw 17 We counted the number of deer carcasses found in forest during the thawing period 18 from April to early July, for the years 2005 -2016. We needed to find deer carcasses 1 emerging from the snow before animals preyed on them. We covered a 1 -21 km 2 distance per survey and repeated the procedure for 10 -18 times per year to look for 3 deer carcasses across the forest (Table 1 and S1 Fig.) . In addition to looking for dead 4 deer, we also relied on our sense of smell and detected carcasses based on the odor they 5 emitted. Deer abundance at time t (N t ) in the forest depended on deer abundance at time t -1 (N t-5 1 ); the number varied with the effect of population growth (r t ) including birth, natural 6 mortality, immigration, migration at time t (r t did not include the effects of hunting and 7 mortality due to snowfall), and the effect of hunting at time t (hunting rate: h t ). It can be 8 expressed as follows:
During the season when the forest was covered by snow (January to April), the deer 11 sometimes got stuck or starved, due to lack of food as a result of the heavy snow. We 12 defined the mortality rate during the seasons when the forest was covered by snow, just 13 before the time t, as d t . Then, N t (t = 5, 9, 13, …45) can be expressed as follows:
If we calculate the logarithm of the two aforementioned equations, then the process 16 follows a linear structure. Then, equations (1) and (2) can be re-written as follows:
We introduced stochasticity into the deer population dynamics. Then, equation (3) can 2 be expressed as follows:
Equation (4) can be expressed as follows:
For the time interval we skipped four months every eight months, because we did not 9 use the data collected from road count surveys by vehicles from the winter season 10 (January to April). Thus, we defined different standard deviations of posterior 11 distribution for deer abundance in the logarithmic scale (σ 1 and σ 2 ).
12
The prior probability distribution of the log of deer abundance in the first year (logN 1 ) 13 was determined as follows: 14 logN 1 ~ Normal(0, 100 2 ).
15
The population growth rate (logarithmic scale) at t was modeled as follows:
where log_r_bar is the mean population growth rate during the study period 18 (logarithmic scale). We did not include a density-dependence parameter. Because the 1 forest was not a closed ecosystem, we considered that the density-dependent decline in 2 the birth rate of deer would rarely occur.
3
The hunting rate (logarithmic scale) at t was modeled as follows:
where log_h_bar is the mean hunting rate during the study period (logarithmic scale) 6 and σ 4 is the standard deviation of posterior distribution of the hunting rate in the 7 logarithmic scale.
8
The prior probability distribution of log_h_bar was determined as follows: 9 log_h_bar ~ Normal(0, 100 2 ).
10
The mortality rate during seasons when the forest was covered by snow (logarithmic 11 scale) at t (log_d) was modeled as follows:
12 log_d t ~ Normal(ε t , σ 5 2 ) (t = 5, 9, 13, …, 45)
Where ε t is the mean mortality during the winter with severe snowfall in time t and σ 5 is 15 the standard deviation of the posterior distribution of mortality during the winter with 16 snowfall, in the logarithmic scale. Because the mortality may increase in severe 17 snowfall conditions, it was assumed to increase linearly with the number of days with a 18 snow depth of > 50 cm (Snow) before time t (logarithmic scale). To consider the 1 different effects of snowfall, we also used the maximum snow depth instead of the 2 number of days with snow depth of > 50 cm (S2 Table) . The b and b_snow were the b_snow ~ Normal(0, 100 2 ).
7
We assigned weakly informative priors for scale parameters, σ 1 to σ 5 as Cauchy(0, 10). Observation models 10 We modeled the number of deer seen in road count surveys (C tm ) as follows: prior probability distribution of rate_obs m were as follows:
1 rate_obs m ~ Uniform(0, 1).
2
We modeled the number of deer seen by block count (B t ) as follows:
where θ t is the mean number of deer seen by block count in time t, rate_bc is the 6 observation rate per unit area that converts N t to θ t , and Area b;t is the survey area of the 7 block count in time t. We assumed B t followed a Poisson distribution, because block 8 counts are discrete, non-negative values. The prior probability distribution of rate_bc 9 was as follows:
10 rate_bc ~ Uniform(0, 1).
11
We modeled the number of deer hunted by nuisance control (H t ) as follows:
12
H t ~ Poisson(λ t ) (t = 5, 9, 13, …, 45)
where λ t is the mean number of deer hunted in time t. We assumed H t followed a 15 Poisson distribution, because hunted numbers are discrete, non-negative values. 16 We modeled the number of deer carcasses found after thawing (D t ) as follows:
where η t is the number of dead deer found after thawing in time t, rate_D is the 2 detection rate per unit area that converts N t d t to η t , and Area d;t is the survey area of dead 3 deer surveyed after thawing in time t. We assumed D t followed a Poisson distribution, 4 because numbers of deer carcasses are discrete, non-negative values.
5
The parameter estimation was performed by the Markov Chain Monte Carlo (MCMC;
6
[28]) calculation using RStan 2.18.2 [29] . We ran three parallel MCMC chains and 7 retained 30,000 iterations after an initial burn-in of 15,000 iterations. We thinned 8 sampled values to 1.0%. Convergence of MCMC sampling was judged by the criterion 9 that the potential scale reduction factor on split chains, was smaller than 1.1 [30] and 10 by a check of the MCMC trace. 
Results

13
The values of our estimated parameters were all under 1.1. The estimated deer 
